Abstract. In this paper, the analysis of low-frequency zone of the speech signals from the five Spanish vowels, by means of the Teager energy operator (TEO) and the modified group delay functions (MGDF) is proposed for the automatic detection of Parkinson's disease. According to our findings, different implementations of the TEO are suitable for tackling the problem of the automatic detection of Parkinson's disease. Additionally, the application of MGDF for improving the resolution of the speech spectrum in the low frequency zone is able for enhancing differences exhibited between the first two formants from speech of people with Parkinson's disease and healthy controls. The best results are obtained for vowel /e/, where accuracy rates of up to 92% are achieved. This is an interesting result specially if it is considered that there are muscles that are involved in the production of the vowel /e/ but not in other vowels.
Introduction
The Parkinson's disease (PD) is characterized by the loss of dopaminergic neurons in the mid brain and its main symptoms of PD are tremor, rigidity and other movement disorders. It is demonstrated that about 90% of the people with Parkinson's disease (PPD) also develop speech impairments [1] , however only from 3% to 4% of the patients receive speech therapy [2] .
Acoustic studies further indicate reduction of the sound pressure level, reduced pitch variability, phonatory instability, increased noise and cycle to cycle variability during phonation of PPD [3] . Movement velocities and displacements of the velum also tend to be reduced in PPD, and acoustic studies suggest increased nasal airflow for speech in about 70% of PPD [4] , [5] , such increment is characterized for generating alterations in the speech spectrum [6] . Additionally, there are evidences about the alterations in the low frequency zone of the speech spectrum and the excess of nasal airflow during phonations of PPD [6] , however, few works have taken advantage of this fact. In [7] the authors divide the speech spectrum into its high and low zones for finding the voice low tone to high tone ration (VLHR) as the quotient between the low frequency power and high frequency power. The VLHR is used for the automatic evaluation of nasalization in speech signals. According to their results the VLHR is a potential quantitative index of hypernasal speech and can be applied in either basic or clinical studies. Likewise, in [8] the authors evaluate the performance of a speech recognition system based on modified group delay functions (MGDF), applied over the low frequency zones in the speech spectrum, for the automatic detection of dysarthria in continuous speech. According to their results, the application of GDF is not suitable for the automatic detection of dysarthric speech signals in continuous speech.
Additionally, the speech impairments in PPD are related to the vocal fold bowing and incomplete vocal fold closure [9] , besides nonlinear behavior of vocal fold vibration has already been demonstrated in [10] . Considering these evidences, it is possible to include nonlinear energy operators for characterizing speech from PPD. In [11] the authors use the Teager energy operator (TEO) [12] for calculating signal to noise ratio measures in speech signals from PPD, however such operator has not been directly used as a measure of the speech for the automatic detection of PD.
With the aim of include the analysis of the low frequency zone of the speech spectrum and the nonlinear behavior of the vocal folds vibration, in this work the use of MGDF and TEO is proposed as a new method for the automatic classification of speech signals from PPD and HC.
The rest of the paper is organized as follows. In section 2, a methodology proposed is presented, section 3 provides details about the experimental framework with some experimental details about the followed methodology for classification and error estimation, section 4 show the graphics and tables with success classification rates. Finally, in section 5, some conclusions are provided. Figure 1 shows a schematic of the methodology used in this work. Every stage of the process will be explained in the following. Preprocessing and low frequency analysis. Speech recordings are preprocessed by means of a short temporal analysis using windows of 40ms length with an overlap of 20ms. After, each frame is characterized using a low frequency analysis that is performed through the implementation of TEO and MGDF.
Metodology
The TEO is a nonlinear operator that is used for taking advantage of the existence of multiple components on a signal x(n) and it is given by [12] :
In the case of nasalized voice signals it is demonstrated that the speech spectrum has multiple components due to the presence of nasal formants and anti formants [6] . The voice signal x(n) can be expressed as the sum of two uncorrelated components s(n) and g(n), when the definition 1 is applied over a multi-component signal x(n) = s(n) + g(n) it is obtained the following expression [13] :
where 
where S n (i) is the power spectral density from the n speech frame, calculated using the FFT, and i is the frequency value in the discrete domain.
Another estimation is presented in [15] as the generalized version of the TEO and the expression is as follows:
Where M and m ∈ Z. Note that the expression 2 allows the variation of exponents (m) and delays (M ).
The different versions of the TEO exposed above can be used for taking advantage of the existence of additional formants in the voice signals from PPD due to the excess of nasalization [6] . One healthy voice only has vocal formants, thus its spectrum can be expressed as S HC = F (ω), where F (ω) represents the oral formants. A speech recording from PPD, with excess of nasalization, has oral formants, anti-formants and nasal formants, thus its spectrum can be represented by
, where AF (ω) represents the antiformants and N F (ω) the nasal formants. When a healthy voice is filtered by means of a low pass filter, it is possible to extract its first formant F 1 , however, if a speech signal with excess of nasalization is filtered, the result will contain F 1 along with two additional components due to the existence of anti-formants and nasal formants. If instead a bandpass filter is used (with cutoff bands around F 1 ), both the result for healthy and nasalized voices will contain only F 1 . The differences between both bandpass and lowpass filtered signals can be exploited for the automatic detection of excess nasalization in speech from PPD by means of the implementation of different measures oriented to detect such differences.
The first measurement is Correlation Teager Energy Operator (CT EO) [13] . It is calculated as the correlation between the TEO estimated for the low-passed and band-passed filtered signals, the result of this measure is expected to be high for the case of healthy voices (both filtered signals contained only F 1 ), but if the correlation is calculated for pathological voices, the result is expected to be low due to the existence of additional nasal formants and anti-formants in the low passed filtered signal.
The other three measurements are the Euclidean distance (ED), the logarithmic distance (LD) and the area under the TEO estimates (IA). All of these measurements are calculated between the TEO estimated for the low-passed and band-passed filtered signals. In all cases, it is expected to obtain higher values of the measures in the case of nasalized voices due to the existence of additional components that introduce differences between both estimations of the TEO.
On the other hand, the MGDF are applied to improve the resolution of the low frequency zone in the speech spectrum. The group delay function is defined as τ (ω) = − ∂θ(ω) ∂ω , and for discrete time signals it can be computed as [16] :
where X(K) and Y (K) are the N-point discrete Fourier transform (DFT) of the sequences x(n) and nx(n), respectively. The subscripts R and I denote the real and imaginary parts, respectively. To reduce the spiky nature of the group delay function, which is due to the pitch peaks, noise, and windowing effects , the original function is modified as [17] .
where S(K) 2 is a cepstrally smoothed version of |X(K)| 2 and the sign is the original sign of the group delay function given in 3. To derive the a smoothed group delay spectrum, the values of α and γ should be less than 1 [17] .
In the process for the improvement of the signal's spectrum resolution the voice signal is low-pass filtered with a cutoff frequency of 800Hz, then the MGDF is calculated for the filtered spectrum and finally the first two formants are estimated. The first formant (F 1 ) is found below the 500Hz and the second formant (F 2 ) is between 500HZ and 800Hz. For the case of speech signals with excess of nasalization, the amplitude of F 1 will be lower than in the case of healthy voices, thus the ratio between the amplitudes of F 1 and F 2 , called τ (F 1 ) and τ (F 2 ), can be used as an index of the presence of nasalization in the speech signal [17] . Such index is called group delay function-based acoustic measure (GDAM ) and is defined as:
Automatic features selection and classification. The selection of features is addressed through the application of principal components analysis (PCA). It is a statistical technique applied here to find out a low-dimensional representation of the original feature space, searching for directions with greater variance to project the data. Although, PCA is commonly used as a feature extraction method, it can be useful to properly select a relevant subset of original features that better represent the studied process [18] . In this sense, given a set of features (ξ ξ ξ k : k = 1, . . . , p) corresponding to each column of the input data matrix X, the relevance of each ξ ξ ξ k can be analyzed for finding the resulting subspace Y. More precisely, relevance of ξ ξ ξ k can be identified looking at ρ ρ ρ = ρ 1 ρ 2 · · · ρ p ⊤ , where ρ ρ ρ is defined as ρ ρ ρ = m j=1 |λ j v j |. (λ j and v j are the eigenvalues and eigenvectors of the initial matrix, respectively). Therefore, the main assumption is that the largest values of ρ k point out to the best input attributes, since they exhibit higher overall correlations with principal components. The decision of whether a voice recording is from PPD or HC is taken with a K nearest neighbor (K-nn) classifier. Considering that the aim of this work is to analyze the discrimination capability of the described features, this classifier is chosen because of its simplicity allowing us to focuses our analysis to the features and not to the classifier.
Experimental Framework
Database. The data for this study consists of speech recordings from 20 PPD and 20 HC sampled at 44.100Hz with 16 quantization bits. All of the recordings were captured in a sound proof booth. The people that participated in the recording sessions are balanced by gender and age: the ages of the men patients ranged from 56 to 70 (mean 62.9 ± 6.39) and the ages of the women patients ranged from 57 to 75 (mean 64.6 ± 5.62). For the case of the healthy people, the ages of men ranged from 51 to 68 (mean 62.6 ± 5.48) and the ages of the women ranged from 57 to 75 (mean 64.8 ± 5.65). All of the PPD have been diagnosed by neurologist experts and none of the people in the HC group has history of symptoms related to Parkinson's disease or any other kind of movement disorder syndrome.
The recordings consist of sustained utterances of the five Spanish vowels, every person repeated three times the five vowels, thus in total the database is composed of 60 recordings per vowel on each class. This database is built by Universidad de Antioquia in Medellín, Colombia.
Experimental setup. The voice recordings were segmented and windowed using frames of 40ms with an overlap of 20ms. The characterization of speech recordings is made considering two versions of the TEO, one is the generalized form (T EO 1 ) as indicated in the equation 2 and the other one is such based on the FFT (T EO 2 ). In the case of T EO 1 , different values of M and N are tested. In the filtering process (band-pass: BW 1 and low-pass: BW 2 ), different values of bandwidth were also tested. In band-pass filters are also used in the estimation of the measurements based on the T EO 2 .
The full set of features is formed by 13 measures: the four measurements taken from both estimations of the T EO, the frequency values of the first and second formants (F 1 and F 2 ) calculated using the MGDF, the amplitude values of the first and the second formants (τ (F 1 ) and τ (F 2 )) also calculated using the MGDF and the GDAM index. Each measure is obtained for every frame in the voice signal and after, four statistics are estimated per measure (mean value, standard deviation, kurtosis and Sweness), forming a total of 52 measures for representing each voice recording. Table 2 summarizes the set of features considered in this work and the indexes assigned for each one. The tests performed over the proposed system have been made following the strategy indicated in [19] . The 70% of the data are used for the feature selection and for training the classifier and the remaining 30% is for testing; ten different subsets for training and testing are randomly formed in ten repetitions of the randomization of the data, in order to perform a total of ten independent experiments, each one with its results, allowing the calculation of confidence intervals for the general performance analysis and robustness of the proposed system.
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Results and discussion
The automatic features selection process based on PCA gives the resulting sub set of features that better represent the phenomena and also gives the order of features according to their contribution in terms of the cumulative variance. Table 3 indicates which of the features remain after the features selection process per vowel. Considering that the dimensionality of the original representation space is 52, the reductions achieved with selection process ranged from 40% to 54%. Figure 2 shows the accuracy results obtained per vowel when each of the selected feature is progressively added to the classification process. The order in which each feature is added is presented in table 3.
Note that the results obtained with the vowel /e/ are better than those obtained with the other vowels. This is an interesting result specially if it is considered that the risorius muscles are involved in the phonation of vowels /e/ and /i/, but not in other vowels [20] .
For the case of vowels /i/ and /u/ the accuracy rates fall when more than 20 and 25 features are considered. The results with the vowels /a/ and /o/ are more stable, with accuracies around 80%. With the aim of indicating the results in a more compact way, in table 4 the results obtained per vowel are presented in terms of accuracy, specificity and sensitivity. Note that the performance achieved with the vowel /e/ is around 12 percentage points better than those obtained with the other vowels and in such case. This result can also be noted in the receiver operating characteristic (ROC) curves that are shown in figure 3. These kind of curves are widely used in clinical applications and the area under such curves (AUC) is considered as a good statistic for representing the general performance of the system [19] Table 4 5 Conclusions A new methodology for the automatic detection of Parkinson's disease, based on the analysis of the low frequency zone of the speech spectrum of the fiver Spanish vowels, is presented.
Different implementations of the Teager Energy Operator are suitable for tackling the problem of the automatic detection of PD. Additionally, the application of Group Delay Functions for improving the resolution of the speech spectrum in the low frequency zone is able for enhancing differences exhibited between the first two formants from speech of PPD and HC.
The stage of automatic features selection allowed the reduction of the dimensionality of the spaces in up to 52%, indicating that there were a lot of redundant information in the original representation space.
According to the obtained results, it is possible to achieve accuracy rates of up to 92% when the vowel /e/ is evaluated. For the other vowels the accuracy results are near to 80%. This difference suggest a more detailed analysis of the set of muscles and/or tissues such as the risorious one, which are involved for the production of the vowel /e/. 
